Prediction of cancer mutation states using multiple data modalities reveals the utility and
consistency of gene expression and DNA methylation
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For the remaining data types, on the individual gene level, gene expression
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generally provides better performance (genes/points in the top left).
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We want to predict cancer mutation presence or absence using -omics data
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in the TCGA Pan-Cancer Atlas: gene expression, DNA methylation, reverse

We also built multi-omics models by concatenating combinations of the ex-

0.4

phase protein array (RPPA), microRNA, somatic mutational signatures. pression and methylation datasets. For each data type, we used the top 5000

principal components as predictive features.

AUPR(signal) - AUPR(shuffled)

A Genes f(Xw) = P(y =1|X) . . .
W = - Using six pan-cancer driver genes as targets, none of the multi-omics models
m = - h significantly outperformed the best-performing single-omics model.
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| , DNA methylation datasets significantly outperform the remaining data types.
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